Abstract
Introduction

24
A large number of small polar organic pollutants are considered as chemicals of emerging 25 concern (CECs) due to their fate and behavior in the environment (as reviewed by Klečka Confident identification of pollutants based only on the data generated via non-target 40 analysis on LC-HR-MS, is a challenging task due to the volume and complexity of the data 41 .
10,11
During the non-target analysis, each sample may produce thousands of features, where peak finding, peak picking, and peak integration in order to generate a final peak list useful 68 to a prioritization method. All these preprocessing steps are prone to error when dealing with 69 highly complex samples. [22] [23] [24] [25] The application of the statistical variable selection approaches 70 to the whole chromatogram has been shown to result in reliable models and therefore, reli-71 able prioritization.
16-25
73
The aim of this study is to adapt, comprehensively validate, and test the applicability 74 of the F-ratio method for the non-target analysis of LC-HR-MS chromatograms of complex 75 environmental samples. The F-ratio was applied to the whole chromatogram in order to 76 minimize the data manipulation and produce a reliable statistical model. We combined the 77 F-ratio method with the apex detection as well as adduct and isotope removal algorithms,
78
in order to adapt this method to be used for non-target analysis of LC-HR-MS data. We 79 comprehensively validated this method using a semi-synthetic data set, which consisted of 80 the background signal generated from the real environmental samples with the addition of 81 the signal of 31 alkanes randomly distributed as true positives and true negatives, and noise.
82
This data set was evaluated 400 times where the random selection of the alkanes and the 83 background signal caused generation of a completely different sample for each evaluation.
84
Finally, the chromatograms of 15 sludge extracts from three different locations in Norway
85
and three blanks were analyzed using the F-ratio method as well as conventional peak picking 86 algorithms. We also applied the F-ratio method to the peak list and compared this feature 87 list to the one produced via using the whole chromatogram. The feature lists via F-ratio 88 were compared to the peak lists generated by a conventional peak pick method, in order to We binned the exported chromatograms using a bin thickness of 10 mDa, which was 129 based on the observed mass accuracy of ± 5 mDa in our data set (section S2.1). other in order to produce a large matrix which was used for the statistical prioritization.
139
Every row in this matrix was a sample while every column was an independent variable.
140
The F-ratio was calculated for each variable, 16 We also performed F-ratio analysis on the peak list produced by conventional peak pick-161 ing algorithm, MZmine 2 29 (explained in detail below). The peak list was retention-aligned 162 using a home-developed method using a mass window of 2 mDa and a retention window of 2 163 S. The retention aligned peak tables were used for F-ratio and null-distribution calculations.
164
The peaks in the peak list with an F-ratio larger than the threshold were kept in order 165 to produce the feature list. The feature list, finally, was processed for adduct and isotope 166 removal in order to generate the final feature list.
Data pretreatment
During the validation process of the F-ratio method (i.e. analysis of the semi-synthetic data),
170
we did not employ any data pre-treatment methods such as mean-centering, standardiza- analysis, we tested different data pre-treatment methods such as mean-centering, standard-174 ization, and normalization before processing the data set with F-ratio method. However,
175
these pre-treatments did not affect the final unique feature list for the analyzed data set.
176
Therefore, we decided to work with the raw data and avoid performing any type of pre-177 treatment.
178
Computations 179 All the mentioned data processing steps were performed via Matlab, employing a Windows 
182
MZmine Peak Picking
183
The conventional peak list for each chromatogram was generated using MZmine 2. 29 The 184 peak picking was performed by mass detection followed by GridMass 2D peak detection. A 185 five scan window was selected for the smoothing of the chromatogram in the time dimension 186 and a 10 mD window was used in the mass dimension. A minimum signal of 300 counts was 187 required for a peak to be considered as a meaningful peak. These parameters were optimized 188 based on the observed mass accuracy and the peak widths in both time and mass domains.
189
These parameter settings resulted in feature numbers varying between 7,500 for blanks and 
Results and Discussion
199
We validated the F-ratio method for data generated via LC-HR-MS, employing both semi- 
211
Validation via Semi-synthetic Data
212
We employed a semi-synthetic data set, which consisted of a combination of real environ-213 mental data and synthetic signal, for comprehensive validation of the F-ratio method. The 214 signal of 31 alkanes (i.e. the neutral monoisotopic masses, of 208 having a probability of 0.01% to 9,525 cases for the F-ratio of 13 with a probability 241 of 0.1%, Table 1 and Figure S7 . The largest number of false negative detections of 2204 was 242 observed for an F-ratio of 208 whereas the smallest number of false negative detections of 243 1,404 was caused by an F-ratio of 13, Table 1 . These trends were due to the fact that the 244 selection of a large F-ratio value (i.e. more strict selection criterion) lowers the probability 245 of false positive detection while increasing the probability of false negative detections. The 246 observed changes in F-ratio method performance were better projected through normalized 247 statistical parameters such as rate of false positive detection, rate of false negative detection, 248 sensitivity, specificity, and accuracy, Table 1 . For example, the drop in the specificity and 249 accuracy observed for F-ratio of 13 (probability of 0.1%) showed the inadequacy of this F-250 ratio for the analyzed data set ( Figure S7 ). This drop also indicated that this F-ratio may
251
cause a large number of false positive detections when analyzing this data set. Therefore, pre-treatments employed prior to the F-ratio analysis is data set and objective dependent. Therefore, the analyst is required to optimize these data pre-treatments approaches in ad-291 vance in order to be able to produce reliable results. Further investigation on the effect of 292 these parameters on the F-ratio method are needed and will be subject of our future studies. 
293
The effect of S/N on F-ratio algorithm
294
The S/N is an important parameter, which affects the performance of the F-ratio algorithm has a less relevant effect on the performance of this method compared to the F-ratio value.
309
However, these results may be case dependent, therefore optimization of this parameter 310 based on the data set should be considered by the analyst. Comparison between the unique feature list and the conventional 312 peak list
311
313
Once the F-ratio method was validated via semi-synthetic data, we processed the chro-314 matograms of the 15 sludge samples plus 3 method blanks using this algorithm. The same 315 data set was also processed via MZmine, employing previously optimized parameters. The 316 F-ratio method produced a list of unique features for each sample whereas MZmine created a 317 conventional peak list for the same samples. We compared the unique feature lists produced 318 via F-ratio method to the conventional peak lists by MZmine as well as the unique feature 319 lists produced via application of F-ratio method to both the whole chromatogram and the peak list by MZmine. These comparisons enabled us to further evaluate/validate the F-ratio 321 method for analysis of the data generated via LC-HR-MS.
323
More than 92% of the unique features via F-ratio method were also present in the con- 
339
The second category was mainly caused by the fact that MZmine performs peak modeling The F-ratio method appeared to be able to successfully separate the sample groups 364 while both peak list and pixel-by-pixel methods failed in carrying out this task, Figure 1 . following the variable selection, the retention aligned peak list via MZmine, and the whole complexity of the background signal was translated into inability of both peak list based 374 and pixel-by-pixel based methods to separate these sample groups from each other properly.
375
The F-ratio method, on the other hand, was able to perform separation of the sample groups 376 because this method retains the variables that are causing the clustering of samples within a 377 particular group. We also performed the F-ratio variable selection on the peak list generated 378 via MZmine. In this case also the PCA was not able to separate the sample groups from 379 each other, Figure 1 . Therefore, it was not possible to perform a prioritization based on 380 the peak list using the F-ratio method. Despite the mentioned complexity, the F-ratio 
Potential and Limitations
386
The F-ratio method combined with the apex detection showed to be a robust and reliable 
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